In order to catch up with the technological frontier, firms, especially in developing countries, try to acquire technological advancement through internal R&D efforts as well as through external technology sourcing activities. This study tests the existence of a complementarity between in-house R&D and external technology acquisition in Chinese manufacturing firms. We show that the two sources of technological upgrading are complementary in stimulating product innovation across small and medium size manufacturing firms in China, but not in generating process innovation nor in achieving higher levels of labor productivity.
Introduction
In order to catch up with the technological frontier, firms in developing countries have been striving to promote technological advancement through internal research and development efforts (in-house R&D) as well as through external technology purchasing (TP). In-house R&D expenditure includes the capital, labour and design costs associated with research and development. TP involves purchasing, transferring or licensing new technologies from the domestic or the international market. For firms in developing countries, establishing efficient innovation strategies will accelerate their catching-up to the technological frontier and contribute to their economic development.
In China, the central government has established a series of policy incentives to encourage firms to carry out in-house R&D activities, and these policies have greatly increased China's capability to develop its own technology, and to assimilate and improve upon technology transferred from advanced economies (Lu and Lazonick, 2001 ). However, given shortcomings inherited from the pre-reform planned economic mechanism, the efficiency of innovation of the manufacturing sector as a whole is still severely constrained. With great emphasis placed on 'indigenous innovation' 1 , do Chinese firms still need external technology sourcing? Is there a synergy in engaging in both internal and external innovation activities? The goal of this research is to answer these questions and provide an empirical framework to investigate the role of these innovation input strategies in fostering productivity in Chinese manufacturing firms.
The modeling is based on the notion of complementarity, which will be estimated using continuous measures of innovation inputs in the innovation and productivity functions. The data applied in the empirical analysis comes from the World Bank Investment Climate Surveys (ICS) 2 concerning China in the year 2003. The result exhibits evidence of complementarity between in-house R&D and TP in stimulating product innovation across small and medium size Chinese manufacturing firms. In-house R&D accelerates the assimilation of external know-how while external technology sourcing enhances the efficiency of in-house innovation activities. However, despite the fact that in-house R&D and TP each contribute significantly to product innovation, we find no sign of synergy between them in raising productivity.
The next section sets the background by reviewing the existing evidence on complementarity between own and external technology acquisition in innovation studies and by tracing the history of Chinese technology policy in the last 30 years. Section 3 defines the notion of complementarity and the specification of the model used in the empirical analysis. The data and the variables used will be presented in section 4. The results are interpreted in section 5. Section 6 summarizes and concludes.
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Background
In-house R&D and technology purchasing: complements or substitutes?
A growing number of empirical studies have estimated the relationship between innovation sourcing strategies in developing countries. One view is that internal R&D and external technology are substitutes.
Firms decide to make technology by themselves and/or buy it from outside given a limited budget. An increase in either of the two choices, therefore, tends to lower the spending incurred on the other one. Mytelka (1987) found that external imports of technology discouraged Andean group countries to undertake in-house innovation activities. Fikkert (1993) regressed technology imports on in-house R&D efforts and also found a negative relationship between technology imports and R&D efforts in Indian manufacturing firms. Basant and Fikkert (1996) estimated the return of R&D, technology imports and their interaction using Indian firm level panel data. They found that the estimated rate of return of technology imports is much higher than the return to in-house R&D. They also concluded that there is a substitutability between R&D effort and external technology in the production of knowledge. Katrak (1997) found that the probability of importing technology is only weakly influenced by R&D efforts, and Blonigen and Taylor (2000) also conclude that firms either make or buy technology.
An alternative view is that in-house R&D and external technology purchasing are complementary strategies. Based on the notion of absorptive capacity proposed by Cohen and Levinthal (1989) , it argues that the successful use of external technology requires the ability to assimilate external technology and apply it internally. As argued by Fu, Pietrobelli and Soete (2010) , a crucial condition to obtain effective technology transfer to developing countries is their level of absorptive capacity. In this sense, parallel indigenous innovation efforts are complementary with international technology diffusion. The studies by Desai (1989) , Lall (1989) and Mowey and Oxley (1995) confirm this view that technological capability is needed in order to understand the tacit components of foreign technology. On the other hand, acquiring technology externally helps improving the efficiency of doing in-house R&D. As Aggarwal (2000) points out, external technology sourcing plays two important roles in developing economies: filling gaps in domestic technological capability and upgrading the existing technologies to international standards. By enhancing the technological capability, it may consequently stimulate in-house R&D. Braga and Willmore (1991) found that there is a robust complementary relationship between technology buying and firm technology effort in Brazilian industry. Deolalikar and Evenson (1989) and Kim and Nelson (2000) conclude the same on Indian firm data. A certain number of studies have tested a slightly different but related hypothesis on data from developed countries, namely the complementarity between internal and external R&D: Arora and Gambardella (1990) for large US, European, and Japanese biotechnology firms, Veugelers (1997) and Cassiman and Veugelers (2006) for Belgian manufacturing firms, Bönte (2003) for West-German industry data, and Berlderbos et al. (2008) for Dutch firm data. Most of the studies share the view that internal and external R&D are complementary, although Audretsch, Menkveld and Thurik (1996) find that the complementarity only holds for high-technology industries.
Country background
China has been the fastest growing major economy in the past 30 years with an average annual GDP growth rate of over 10%. Around 8% of the total manufacturing output in the world comes from China, and it ranks third worldwide in industrial output 3 . The extraordinary performance of the Chinese economy makes it very interesting to study its technology acquisition behaviour and to examine whether it contributed to the growth performance of its manufacturing firms.
In the 1950s, China began to acquire technology externally. At first, the major source of technology was the former Soviet Union. Then, western countries and Japan became the main technology suppliers in heavy industry. After the economic open-door policy launched in 1976, importing external technology constituted an essential component of the Four Modernisation Programmes (Zhao, 1995) . Technology transfer became diversified through the purchase of turnkey plants and equipment, foreign direct investment (FDI), and in the form of disembodied technology including licensing, technical consulting, technical service and co-production. Another feature is that the source of technology widened. Five countries -the US, Japan, Germany, France and the UK -dominated the supply of technology to China at that time. After the 1980s, other industrial countries and regions, such as Canada, Italy, Taiwan and Hong Kong, played an increasing role in providing technology to China (Zhang, 1990; Liu, 1992; Zhao, 1995) .
Meanwhile, the central government created incentives and provided support for firms to establish R&D departments, and these units increased dramatically, from 7000 in 1987 to over 24,000 by 1998 (China Science and Technology Statistics, 1992, 1998) 4 . These changes have greatly improved China's indigenous innovative capability to develop and utilize technology (Lu and Lazonick, 2001 ).
Like other developing countries, China has two main objectives in acquiring foreign technology: enhancing technological capability and facilitating economic growth by increasing productivity. Zhao (1995) finds that imported technology complemented the establishment of Chinese indigenous technological capability by analyzing the time series data from 1960 to 1991. Hu et al. (2005) conclude that the foreign transferred technology does not play a positive role in stimulating productivity without inhouse R&D efforts in Chinese medium and large size firms. This finding implies a complementary relationship between technology buying and in-house R&D. A recent empirical study (Li, 2010) based on a panel of 21 high-tech sectors over the period [1995] [1996] [1997] [1998] [1999] [2000] [2001] [2002] [2003] [2004] shows that investing in external knowledge sourcing alone does not enhance innovation performance in domestic firms, unless in-house R&D is also conducted. It is interesting to re-examine this issue ten years after China's transition to a market economy, a period during which it experienced unprecedented changes in its social, legal, and economic institutions (Zhou, Yim and Tse, 2005 ). In the current research, we look at the innovation sourcing strategies of small and medium Chinese manufacturing firms in the 2000-2002 period. What distinguishes this study from previous studies is the analysis of the complementarity between internal and external knowledge sourcing in terms of two measures of performance: innovation output and total factor productivity. Moreover, the availability of panel data enables us to control for unobserved heterogeneity (at least for one of the two measures).
Empirical model and testing of complementarity
Definitions
A pair of economic activities is complementary if (1) adopting one does not preclude adopting the other one and if (2), whenever it is possible to implement each activity separately, the sum of the benefits to do just one or the other is not greater than the benefit of doing both together. An equivalent understanding of the second condition is that the incremental return to implementing any one of the activities is greater if the other one is already implemented. A theorem states that if each pair of activities in a group is complementary, then implementing any subset of the activities in the group raises the incremental return to implementing the remaining ones (Topkis 1978) . This notion of complementarity between activities was introduced in economics by Vives (1990) and Roberts (1990, 1995) . (Milgrom and Robert, 1990) :
If R&D and TP are continuous variables, this inequality restriction implies that the incremental effect of one practice on the objective function increases conditionally on increasing another practice.
where r b is TP and r m is in-house R&D expenditure (2) Conversely, R&D and TP are substitutes if the inverse of inequality (1) or (2) holds.
In the rest of this section, we are going to introduce the two empirical models that link the technology acquisition strategies to measures of performance.
Testing complementarity in terms of innovation output
Testing complementarity among activities in an objective function has been done in several empirical studies (Cassiman and Veugelers, 2006; Mohnen and Röller, 2003; Belderbos et al., 2008) . This approach aims at testing the complementarity in achieving a specific economic goal. It refers to a synergy between activities that will lead to a better performance in terms of this goal. In the first model we estimate the complementarity between R&D and TP in terms of innovation performance.
Here, innovation output i P is a dichotomous variable equal to 1 if the firm claims to have introduced either a product or a process innovation in the period under review and zero otherwise. The one (zero) corresponds to a positive (negative) value of a latent variable * i P that is determined by innovation inputs and firm specific variables: 
Testing complementarity in terms of total factor productivity
Rather than just looking at the effect of innovation strategies on innovation output, we will go one step further and also investigate whether there exists a synergy between R&D and TP in promoting firms' productivity performance. Firms carry out several types of investment, such as capital, labour, innovation and material inputs. We derive our model from a simple extended Cobb-Douglas production function for firm i at time t:
where Y it is the total sales of firm i in period t, K it , L it and M it represent the inputs physical capital, labour and materials. The coefficients  k ,  l ,  m are the output elasticities of capital, labour and materials. A it is the total factor productivity, which is driven by technological innovation, industry specifics and ownership characteristics, and ε it is a random error term. We decompose productivity A it in the following way: T capture year-to-year fluctuations in productivity. It should be noted that the coefficient  m captures the partial effects of in-house R&D expenditure;  b is the returns of TP; and  bm the additional return of doing both together. After substituting (5) into (4), taking logarithms, and normalizing by labor, we obtain the labor productivity function:
The disturbance term has two orthogonal components: the time-invariant individual effects i  , that are unobserved by the econometrician but known to the firm (such as managerial ability or organizational ability) and the idiosyncratic productivity shocks it  that are unobserved by the econometrician and by the firm. We assume the idiosyncratic error term to be sequentially exogenous, i.e. always exogenous with respect to past values of the explanatory variables.
The problem here is that the inputs, especially the traditional inputs, labor, capital and materials, but also the innovation related inputs it b r , and it m r , -may be correlated with  i . The endogeneity of input practices makes OLS fail to generate consistent estimators. To tackle the endogeneity problem we use the system-GMM estimation from the dynamic panel literature (Arellano and Bond, 1991, Blundell and Bond, 1998) . 5 Taking the first differences of equation (6) will remove the unobserved individual effect  i , thus eliminating a potential source of omitted variable bias in the estimation. Then it instruments the differenced variables that are not strictly exogenous with all their available lags in level (Difference GMM). However, lagged levels are poor instruments for its first differences if the variables are close to a random walk (Holtz-Eakin, Newey, and Rosen, 1988; Arellano and Bover, 1995) . Therefore, Blundell and Bond (1998) suggest to add another set of orthogonality conditions, namely between the levels of the error term and the first-differences in the sequentially exogenous variables under the assumption of stationarity. This is the idea behind System GMM.
Data and variables
Data description
The data used in our empirical analysis are from the World Bank Investment Climate Surveys (ICS) 6 
Variables in the innovation equation
The dependent variable in the innovation equation is a dichotomous variable that equals 1 if the firm claims to have had either a product or a process innovation in the years 2000 to 2002. There are two categories of variables that might affect the probability of having a successful innovation.
The first category captures firm specifics. With more profits in previous periods, firms have more cash on hand and are therefore more likely to invest in innovation and be successful innovators (Katrak, 1997) . PROFIT_worker is the average ratio of profit (before tax) per employee from 2000 to 2002.
Larger firms are expected to have a higher propensity of innovation. 7 Small size firms have less than 500 employees, medium size firms have between 500 and 2000 employees, and large size firms have more than 2000 employees. The classification is based on the number of long-term employees according to "The classification of small, medium and large Chinese manufacturing firms" from the National Bureau of Statistics of China: http://www.stats.gov.cn/. The large size firms included in the sample, after dropping missing values, represent about 3.5 percent of the total sample (33 firms). We decided to drop these firms and look only at the small and medium size firms. 8 Firms with no information on financial outcomes are dropped. The service sector is not included because the innovation outputs are not reported. Furthermore, following Hall and Mairesse (1995) , we only keep observations for which the capitallabor ratio was within three times the inter-quartile range (the difference between the 75% value and the 25% value) above or below the median. This removed 129 observations, or 2.1% of the sample. The remaining sample is an unbalanced panel with 3332 observations for the period 2000 to 2002. 9 For the annual sales and profits, we use the wholesale price deflators at the industry level. For capital, material and innovation expenditure, the industry input deflators are used (Chinese Bureau of Statistics, 2000 Statistics, -2003 . 
Variables in the production function
In the production function, the dependent variable is PRODUCTIVITY. It is measured by sales per employee, in natural logarithmic terms. The three conventional inputs are CAPITAL, measured as the total book value of fixed assets, LABOR, measured as the number of full time employees, and MATERIAL, measured as the costs of raw materials, energy and other related costs reported by the firm.
The innovation inputs R&D and TP and their interaction will also enter the productivity equation as endogenous variables. We control for several variables (FOREIGN, SOE and EXPORT) that capture the firms' competitiveness and technological capability. Foreign owned firms are characterized by higher capital intensity, high quality of human capital and efficient management. Many previous studies suggest that foreign owned firms are more productive (Globerman et al, 1994; Doms and Jensen, 1998; Kimura and Kiyota, 2007) . State-owned enterprises (SOEs) are usually characterized by redundant workers and inefficient management. As we can see from table 1, the mean val number of long-term employees for SOEs is much higher than the sample average while their productivity is below the sample average. They are not motivated to perform efficiently since the local government takes full responsibility for their production and profit. For this reason, we expect SOEs to have a negative effect on the productivity performance. Exporting firms face fiercer competition on the international market.. It stimulates firms to be more productive and efficient, so we expect a positive effect. Besides, we also control for industry and year specifics by using industry and year dummies. Table 1 gives the descriptive statistics on the conventional inputs, the productivity performance and the technology variables across industries. In general, high-tech industries such as electronic equipment, household electronics and biotechnology are more productive and spend more on innovation activities. It has been postulated that it is in new and dynamic industries that companies in developing countries can most readily catch up (Gerschenkron, 1962) . The ICT industry is relatively new, having entered its boom stage in the 1990s, and China has been catching up very rapidly. As is shown in table 1, electronic equipments, auto & auto parts and biotech have more spending on conducting innovations both internally and externally compared to traditional industries, such as chemicals, garment & leather, food processing and transportation equipments, where the expenditure on innovation is smaller and hence the the gap between Chinese and leading world companies narrows down at a much slower pace.
As the variable EXPORT shows in table 1, high-tech industries in China are more likely to sell their products abroad. Compared to all the firms in the sample, SOEs are less productive and less likely to export.
Insert table 1 here
Innovation output by Chinese companies is relatively poor compared with advanced economies. Their innovation capability is most often focused on incremental innovation and their capacity for radical innovation is small (OECD 2007) . As presented in table 3 approximately 46 percent of the firms claim to have introduced a new product, and 25 percent a new process, in the period under review 10 . It should be noted that the product and process innovations in developing countries are not conventionally defined as new to the market, but rather as new to the firm. Table 3 presents the summary of technological variables across industries.
Insert table 2 here
The second last line of table 2 shows us the innovation performance of SOEs in the data. In general, SOEs are relatively bigger in terms of capital and labor. They are more dynamic in both internal and external innovation activities. The proportion doing in-house R&D is higher than the average and the proportion doing TP is almost as high as for the overall sample. Additionally, the innovation output is also above average. This might be due to the fact that SOEs are in general prioritized in getting financial support from the government. Many policy instruments from the central government during that period have been targeted to motivate reform and innovation in the SOEs. Another point that should be noted is that the two innovation output measures in table 2 are binary variables which do not take into account the relative level of innovation spending (in terms of labor or total sales) and the quality of innovation (market value).
Empirical results
In this section we shall present an econometric analysis of how innovation strategies affect firms' innovation and productivity performances. The results will also highlight the role of R&D and TP play in the innovation and production process for Chinese small and medium size manufacturing firms.
The role of R&D and TP in stimulating innovation
We first look at the determinants of firms' innovation output and test the complementarity between R&D and TP by estimating the interaction term in the innovation propensity. Table 3 presents the estimates of the probit model (3). The second column exhibits the estimated coefficients and the last column gives the corresponding marginal effects calculated from the estimated coefficients. As expected, firms with higher profit tend to be more innovative. An increase of 1000 RMB in profit per employee increases by 3 percent the probability that a firm is an innovator. Any kind of cooperation activity will encourage firms to become more innovative as well. As shown in table 3, cooperation with other firms increases the propensity of having product or process innovation by almost 20 percent compared to firms with no cooperation activities. Cooperation with universities and research institutes increase the propensity of innovation by 18% and 14% respectively. The estimated coefficient of age is not significant. Foreign ownership also does not play a significant role in stimulating innovation.
Insert table 3 here
State-owned enterprises are 12% more likely to innovate compared to other firms. As we explained in the previous section, this might due to the fact that SOEs have it relatively easier to take advantage of financial and policy support from the central government.
Turning to the primary interest of this research, we find complementarity between R&D and TP in making firms innovative: the estimated coefficient for R&D*TP is positive and significant. Investing 100 more RMB per person in R&D increases the probability of innovating by 0.6% in the absence of technology purchase. The marginal effect of technology purchasing is not significant. Increasing R&D by 100 RMB per person when the technology purchasing are at their sample mean value of 450 RMB per person increases the probability of innovating by 1.32% (=0.6+0.72) Table 4 presents the results of the probit model for product and process innovation. Profitability and R&D cooperation with research institutes tend to increase the propensity of product innovation only (not of process innovation). On the other hand, exporting firms have a higher probability to have process innovation, but not product innovation. State ownership and other R&D cooperation activities encourage both product and process innovation. In-house R&D is critical in stimulating innovation in both product and process innovation while TP does not appear significant in either one. Any complementary effect between R&D and TP is confined to product (not process) innovation. Table 5 presents the results of the productivity equation (6) obtained using ordinary least squares (OLS) and the system GMM method. The system GMM exploits the orthogonality conditions between the first differences in the error term and the explanatory variables in levels lagged by one period, once for 2002 and once for 2001, and the orthogonality conditions between the error terms in levels and the lagged first differences of the explanatory variables. Hence in total there are 45 orthogonality conditions, 21 estimated coefficients, and consequently 24 overidentifying restrictions 11 . The OLS estimates are likely to be inconsistent because of the endogeneity of the conventional inputs and the innovation strategy variables. They are only shown as a benchmark. In the presence of a positive technology shock we expect firms to increase their inputs, but the existence of adjustment costs for labor and capital will have them increase materials more than the two quasi-fixed inputs. Hence we would expect an upward bias in the estimate of the output elasticity of materials and a downward bias in the estimates of the output elasticities of labor and capital. R&D is probably more quasi-fixed than technology purchases and hence we expect an upward bias for the latter and a downward bias for the former. The directions of bias are confirmed by our estimates. Our interpretation will be based on the system GMM estimation, which tackles the endogeneity problem. The instruments used in the GMM estimation are acceptable by the Hansen test of overidentifying restrictions, which is only significantly different from zero at a p-value of 0.17. The Difference-in-Hansen test also accepts the 12 additional orthogonality conditions of the level equations that differentiate the System GMM from the First-difference GMM. 11 The number of orthogonality conditions equals the number of instruments used for the endogenous variables plus the number of pre-determined variables (used as their own instruments). In our case, six variables are considered to be endogenous (labor, capital, materials, R&D, TFP and the interaction between R&D and TP). We consider the first differences in the error term of the productivity equation to be orthogonal to the one and two-period lagged levels of the endogenous variables for the year 2002 and to the one-period lagged levels of the endogenous variables for the year 2001 (remember, we have no data prior to 2000). That makes 18 orthogonality conditions so far. As to the level of the error term, we consider it to be orthogonal to the first differences in the endogenous variables for 2002 and for 2001. That makes 12 additional orthogonality conditions (6 for each year). So, in total the system GMM exploits 30 orthogonality conditions to instrument for the endogenous variables, plus 15 orthogonality conditions using the predetermined variables of our model (the time, industry, ownership and exporting status dummies) in the first difference equations, which makes a grand total of 45 orthogonality conditions.
Insert table 4 here
The role of R&D and TP in promoting productivity
Insert table 5 here
In the last column of table 5, the two-step system GMM estimates with robust standard errors are reported 12 . The output elasticity of physical capital is about 0.18 and that of materials is about 0.46. The two magnitudes are quite reasonable. Returns to scale are slightly increasing (coefficient of labour). As expected, the foreign-owned firms are more productive, SOEs tend to be less productive compared to firms with other ownership structures, and exporting firms are 15.9% more productive than nonexporting firms. A 100 RMB increase in R&D and external technology purchasing raises total factor productivity by resp. 0.5% and 1.5 %. There is no more any sign of complementarity between R&D and outside technology purchasing in achieving higher productivity.
Our result may seem to contradict those obtained by Bönte (2003) and Belderbos et al (2008) , who concluded to a complementarity between internal (i.e. in-house) and external (i.e. contracted-out) R&D in West-Germany and the Netherlands respectively. But first of all, our measure of purchased technology relates to the purchase of existing technology, from domestic or foreign sources, and not to the execution of R&D outside of the firm's R&D facilities. We do not investigate the complementarity between ways of performing R&D but between R&D and the purchase of existing technology. Secondly, we examine firm data from a developing country and not from developed countries. It may well be that small and medium size firms in China do not have sufficient absorptive capacity to benefit from a synergy between own research and purchased technology. Our results are more comparable and in line with those reported by Fikkert (1993) and Basant and Fikkert (1996) .
Conclusion
This paper explores the impact of internal and external technology sourcing on firms' innovation and productivity performance in Chinese small and medium size manufacturing firms. In particular, it investigates whether there exists a complementarity between in-house R&D and external technology sourcing.
R&D is found to contribute significantly to the occurrence of product or process innovation whereas technology purchasing has no significant direct effect on the two measures of innovation output and affects the creation of new products and processes only by raising the knowledge acquired from own R&D. The two technology acquisition strategies are complementary in making firms innovative, but when innovation is split into product and process innovation, complementarity only shows up in product innovation. When it comes to explaining labor productivity, technology purchases yield higher returns than own R&D efforts in Chinese small and medium manufacturing enterprises. There is no sign of complementarity between own and outside knowledge acquisition in fostering labor productivity.
Our results suggest that Chinese government policies should stimulate both in-house R&D and external technology-purchasing activities. One reason why we may not find any complementarity between inhouse R&D and technology purchasing is that there is insufficient absorptive capacity in Chinese small and medium size manufacturing firms. Besides the need for acquiring and transferring new technologies from outside, it is crucial for Chinese small and medium size firms to raise their indigenous innovation capabilities so as to reap positive returns from outside technology adoption. It may also be that this absorptive capacity is lacking in small and medium size but not in large firms in China. To check this hypothesis we would need to get access to large Chinese firm data from the Statistical Bureau of China.
Another shortcoming of our analysis is that it can only rely on cross-sectional data to estimate the innovation output equation, and might therefore be plagued by endogeneity, reverse causality and unobserved heterogeneity. The complementarity in product innovation should be re-examined with panel data to make sure that any complementarity we have uncovered is not simply a reflection of unobserved individual effects. Unfortunately, the ICS data, even if more waves of the survey become available, will provide repeated cross-sectional data rather than true panel data. Hence another source of data needs to be tapped. 
